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Abstract
To investigate the relationship between greenspace pattern and UHIs we conducted
a multi-resolution wavelet analysis of land surface temperature (LST) to determine
the dominant length scales of LST. We used these scales as extents for calculating
landscape metrics on a high-resolution landcover map. We built regression models to
investigate whether, controlling for the percent vegetated area, patch size, fragmen-
tation, shape, complexity, and/or proximity can mitigate UHIs. We found that more
and complex patches of greenspace and dispersed rather than clustered greenspace can
effectively mitigate UHIs. We also found that the negative relationship often reported
between patch size and LST is an artifact of the relationship between increased percent
vegetated and LST. By using the dominant length scales of LST we demonstrate that
aggregation and shape complexity are important configuration factors to consider in
designing urban greenspace and provide a methodology for robust biophysically-based
analysis of urban landscape pattern.
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Chapter 1
Landscape Pattern and the Urban Heat Island
1.1 Introduction
Although urban areas occupy only a small fraction of the earth’s surface, they are home to more
than half of the world’s population, a number that is expected to increase to more than two-thirds
by 2050 (United Nations, 2014). The process of urbanization is accompanied by a suite of sur-
face modifications that alter energy flows, including the replacement of soil and vegetation with
impervious surfaces like concrete and asphalt, and the emergence of a complex surface geometry
resulting from buildings constructed at varying heights and densities, producing novel ecosystems
whose dynamics are controlled by coupled human-natural systems (Akbari et al., 2001; Voogt &
Oke, 2003; Alberti, 2010). A well-known characteristic of urban areas is an increase in tempera-
ture relative to surrounding rural areas known as the urban heat island (UHI) effect, a consequence
of anthropogenic heat, decreased albedo, increased thermal capacity, and decreased evapotran-
spiration (Oke, 1995; Weng et al., 2008). The increase in sensible heat flux resulting from the
decreased latent heat flux caused by the lack of vegetated surfaces contributes heavily to the UHI
effect (Weng et al., 2004; Imhoff et al., 2010). Additionally, the increased runoff associated with
impervious surfaces decreases the amount of moisture available for evapotranspiration (Grimmond
& Oke, 1991). The spatial distribution of UHIs is a manifestation of the surface energy balance and
is consequently strongly dependent on the presence or absence of vegetation (Weng et al., 2008;
Imhoff et al., 2010), with vegetated areas being potentially 2-8°C cooler than surrounding areas
(Grimmond & Oke, 1991).
Urban areas magnify the warming effects of climate change, with studies showing urban tem-
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peratures to be increasing at approximately double the rate of average global warming (Stone
et al., 2012). Global mean temperature is projected to warm by at least 1.5°C by the end of the 21st
century and both the frequency and intensity of heat waves are expected to increase, amplifying
risk for people, economies, and the environment in urban areas without sufficient infrastructure,
including green-space networks (Meehl & Tebaldi, 2004; United Nations, 2014). Extreme heat
events are the leading cause of weather-related mortality in the U.S. (Luber & McGeehin, 2008)
and during the European heatwave of 2003, somewhere between 22,000 and 45,000 people died of
heat-related illness (Patz et al., 2005). Models show that anthropogenic forcing was a significant
factor in this occurrence and it is projected that the likelihood of such extreme heat events will in-
crease 100% by 2050 (Stott et al., 2004). Urban heat directly influences air quality by facilitating
the formation of ground-level ozone, a toxic gas that elevates asthma (Stone & Rodgers, 2001). El-
evated temperatures also increase the use of air conditioning, thereby raising energy consumption
and associated pollution levels (Synnefa et al., 2007). Urban areas are responsible for 67 - 76%
of global energy consumption (Güneralp et al., 2017) and a 1996 study estimated that as much as
15% of the electricity used for cooling in Los Angeles was offsetting enhanced urban heat (Stone
& Rodgers, 2001). With a greater proportion of global population living in urban areas, more peo-
ple will be exposed to the risks associated with heat stress, causing not only increased mortality
but also widespread economic and environmental disruption and increased energy demand (Akbari
et al., 2001; Meehl & Tebaldi, 2004).
Heat island abatement is a powerful strategy to reduce heat stress and adapt to climate change
(Stone & Norman, 2006) and urban planning has the potential to increase the resilience of urban
areas through improvements to the built environment (IPCC, 2014). By connecting pattern to pro-
cess, planners can identify thermally efficient design attributes that can be realistically applied in
an urban context (Stone & Rodgers, 2001). Studies have shown that there is a strong relationship
between urban land cover pattern (form) and function in urban areas (Van de Voorde et al., 2011)
and it is important to understand the effects different urban forms will have on function (Alberti,
2010). If the form of an urban area can be tied to the magnitude of its UHI then effective plan-
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ning and management for mitigation can occur (Stone & Rodgers, 2001; Leitao & Ahern, 2002).
Landscape ecology provides a powerful paradigm for the integration of environmental science
and sustainability through the design of the built environment (Wu, 2010) and the tools necessary
to characterize the urban environment and quantitatively relate it to biophysical processes (Weng
et al., 2008). To understand how urbanization patterns affect ecosystem dynamics, common met-
rics are necessary (Alberti, 2010). Landscape metrics are indices that were created by landscape
ecologists to quantify the pattern of land cover within a landscape based on the fundamental idea
that environmental patterns influence ecological processes (McGarigal, 2014). Landscape metrics
are especially well suited to describing urban areas because the basic land-cover classes are well
defined and the landscape structure is fairly static; they can also facilitate information exchange
between scientists and planners by providing a language common across these disciplines (Leitao
& Ahern, 2002).
UHIs can be potentially reversed by greening urban areas (Streutker, 2002). Urban greenspace
has a consistently positive effect on UHI mitigation (Buyantuyev & Wu, 2010; Li et al., 2011;
Maimaitiyiming et al., 2014) and vegetated cover and impervious surface are the two most impor-
tant factors in UHI formation (Huang et al., 2011). The pattern of urban greenspace influences
the distribution and magnitude of land surface temperatures (LST) through its effects on energy
flows in urban areas (Zhou et al., 2011; Maimaitiyiming et al., 2014) and can be controlled through
urban planning (Weng et al., 2007). Pattern comprises composition, the variety and abundance of
landcover types, and configuration, their arrangement and distribution (McGarigal, 2014). Urban
greenspace composition, i.e. the percent vegetated cover, has been repeatedly shown to mitigate
UHIs (Weng et al., 2004; Yuan & Bauer, 2007; Li et al., 2011; Chen & Yu, 2017), however, the
effects of greenspace configuration, especially when controlling for the effects of composition, are
more complicated and less well understood (Zhou et al., 2011). Li et al. (2011) found that given
a set quantity of greenspace, dispersed rather than concentrated configurations more effectively
mitigate UHIs. Likewise, Stone and Rodgers (2001) found that dispersed rather than clustered dis-
tributions of neighborhood street trees can more significantly influence LSTs than the total number
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of trees. Zhou et al. (2011) reported negative relationships between LST and edge density and
shape complexity and no significant relationship between mean patch size and LST. More recently,
Li et al. (2016) found that configuration had a stronger correlation with LST than composition. Li
et al. (2012) and Chen & Yu (2017) found that larger vegetated patches more effectively lowered
LST. In contrast to Li et al. (2011) and Stone & Rodgers (2001), Chen & Yu (2017) and Estoque
et al. (2017) found that aggregated rather than dispersed greenspace more effectively lowered LST.
There has been recent interest in relating the configuration of urban greenspace to UHIs using
landscape metrics (Zhou et al., 2011; Li et al., 2011, 2012; Maimaitiyiming et al., 2014; Li et al.,
2016; Chen & Yu, 2017; Estoque et al., 2017), however there are still knowledge gaps. When
calculating landscape metrics the scale at which they are calculated must represent the biophysical
process under consideration or the results are essentially meaningless (McGarigal, 2014). The
characteristic scale of a phenomenon is the scale at which it predominantly operates and if it is
not matched by the scale of observation the phenomenon may be not be properly observed (Wu,
2007). The complexity of urban environments increases the difficulty of modeling the relationship
between structure and function (Weng et al., 2008; Alberti, 2010; Grafius et al., 2018) and care
must be taken to do so at relevant scales. In several of these studies the scale at which landscape
metrics were calculated to compare greenspace configuration with LST were census tracts (Li
et al., 2012, 2016) whose borders have little to do with microclimatic interactions, with Li et al.
(2016) using only a sample of census tracts that were primarily single-family residential. Zhou
et al. (2011), Chen & Yu (2017), and Grafius et al. (2018) calculated metrics for variably-sized
patches based on urban land heterogeneity, the standard deviation of LST, and urban land-cover
classes respectively. However, comparison of landscape pattern must be based on the same extent
to be meaningful (Wu, 2004). While Li et al. (2011) calculated metrics within 2 km extents,
Maimaitiyiming et al. (2014) within a 500 m moving extent, and Estoque et al. (2017) within 3 km
extents, none of these studies give biophysical justification for their choice of extent. Furthermore,
the maximum number of dates for which the UHI was examined in any of these studies was two
(Li et al., 2011). Accordingly, Zhou et al. (2011) and Li et al. (2016) call for future studies to use
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multiple images to account for variance in local and regional weather patterns (Kim & Baik, 2005).
Increasing the temporal extent of LST observations will also provide for more robust statistical
results (Hu & Brunsell, 2015). The purpose of this study is to examine the relationship between
urban greenspace configuration and LST at relevant spatial scales while controlling for the percent
vegetated cover. By quantifying landscape pattern at the characteristic scales of vegetation-LST
interaction we can determine which elements of landscape pattern are biophysically relevant to
mitigation of the UHI in the Kansas City metropolitan area.
1.2 Data
1.2.1 Study Extent
The Kansas City metropolitan area is located at 39.0398°N latitude and 94.5949°W longitude and
spans two states and six counties: Johnson and Wyandotte Counties in Kansas, and Platte, Clay,
Cass, and Jackson Counties in Missouri. The Kansas City, MO - KS urbanized area as delin-
eated by the United States Census Bureau had a population of 1,519,417 in 2010, an estimated 8%
increase from 2000 (U.S. Census Bureau, 2010). The Köppen climate classification is humid sub-
tropical (Cfa), with annual average rainfall of 964 mm (https://en.climate-data.org/location/715044).
The greater Kansas City area is located in the Great Plains Level I Ecoregion, the Temperate
Prairies Level II Ecoregion, and straddles the Central Irregular Plains and the Western Corn Belt
Plains Level III Ecoregions (https://www.epa.gov/eco-research/ecoregions). The Kansas City metropoli-
tan area exhibits patterns of urban sprawl, which is generally defined as “geographic expansion
over large areas, low-density land use, low land-use mix, low connectivity, and heavy reliance on
automobiles relative to other modes of travel” (Fig. 1.1) (Stone et al., 2010); indeed, Ji (2008)
found that for the larger Kansas City Metropolitan Statistical Area there was a 55 percent increase
in built area between 1972 and 2001. These patterns of development and the subsequent fragmen-
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Figure 1.1: Study extent of the Kansas City metropolitan area with the binary land-cover raster on
the right. Green represents vegetated surfaces and grey represents non-vegetated surfaces.
1.2.2 Landcover
We used a high-spatial resolution (2.5 m) land cover map for the calculation of landscape metrics.
The Mid-America Regional Council (MARC) created the Natural Resources Inventory (NRI) map
of Greater Kansas City with an object-based classification, using SPOT data from May, June, and
August of 2012 as well as ancillary data (LiDAR, hydrography, parcels/zoning class, transportation
centerlines, streamlines, and floodplains). The resulting land cover map has an estimated accuracy
of 83 - 91% for the Level I classifications of impervious, barren, vegetated, and water. Impervious
comprises buildings and other impervious surfaces, barren comprises land with 0 - 10% vegetated
fraction, vegetated comprises land with 10-100% vegetated fraction, and water comprises water
features. The spatial resolution of the NRI landcover map is 2.5 m and the extent is the 4,423 square
miles that comprise the 9 county Kansas City metropolitan area (Mid-America Regional Council,
2013). We further classified the landcover to produce a binary raster consisting of vegetated and
non-vegetated (impervious, barren, water) pixels (Fig. 1.1).
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1.2.3 Landsat
We processed Landsat data into both fractional vegetation cover (Fr) and LST. LST is the result
of surface-atmosphere interactions and energy fluxes that vary with landcover, and is an important
parameter for examining UHIs (Liu & Weng, 2009). Landsat is the most frequently used medium-
resolution imagery for UHI studies (Li et al., 2013) and is free and readily available. Due to the
scan corrector failure of Landsat 7 and Kansas City’s location along the edge of the Landsat scenes
that cover the metropolitan area, data from 2012 suffered from considerable data loss. Instead,
we used the Level 1 precision terrain corrected scenes from Landsat 5 in 2011 and Landsat 8 in
2013, operating under the assumption that there was minimal change in land cover classes between
these years. Only primarily cloud-free images were used, resulting in five suitable images from
2011 (June 7, July 2, July 18, July 25, August 19) and one from 2013 (June 28). The summer
of 2011 had a June-July-August average maximum temperature of 34.38°C which is significantly
higher than the 2013 average of 30.55°C (www.ncdc.noaa.gov/cdo-web/datasets). Each scene was
clipped to the study extent.
We calculated Fr from the Normalized Difference Vegetative Index (NDVI) which is related to





where ρNIR and ρred are the surface reflectance values in the near-infrared and red bands, respec-







where NDV Isoil and NDV Iveg are the NDVI values corresponding to bare soil and fully vegetated
pixels, respectively (Gillies & Carlson, 1995). These values were chosen based on manual exam-
ination of each image. All NDVI values less than NDV Isoil in a given image were set to NA and
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all Fr values greater than 1 were set to 1. A mask was created to exclude all water pixels using the





where ρgreen and ρSWIR are the surface reflectance values in the green and shortwave infrared bands,
respectively. The MNDWI of the Landsat 5 image from June 7, 2011 provided the most accurate
water mask with the least noise and was used for all the Landsat scenes with the assumption that
there was little change in water bodies between 2011 and 2013. The Fr of all water pixels was set
to 0.
The top of the atmosphere radiance was calculated according to the methods provided in the
Landsat 8 (L8) Users Handbook (U.S. Geological U.S. Geological Survey, 2016). Per pixel emis-
sivity values were calculated according to Brunsell and Gillies (2002) with
ε = Fr ∗ εveg +(1−Fr)∗ εurb (1.4)
where εveg is the emissivity of a fully vegetated pixel and εurb is the emissivity of a pixel covered by
impervious surface. These values were defined as 0.96 and 0.88 respectively based on (Zhou et al.,
2014). We then calculated the total radiant heat energy assuming an emissivity of 1 according
to the Stefan-Boltzman equation, L = σT 4, where σ is the Stefan-Boltzman constant and T is







where L is the radiant heat energy, ε is the emissivity, and σ is the Stefan-Boltzman constant, and
then adjusting to degrees Celsius. The QA band of the Landsat data was used to mask any cloud
interference using both the cloud and cloud shadow rasters. All pixels designated as clouds were
assigned to NA values.
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1.3 Methodology
1.3.1 Multi-resolution Wavelet Analysis of LST
Identifying the characteristic scales of pattern and process is critical for understanding phenom-
ena and the scale of analysis should reflect this process scale. Urbanization is a multi-scale pro-
cess and therefore requires multi-scale information to observe relevant patterns (Wu, 2004, 2007;
Buyantuyev et al., 2010). Wavelet analysis is an inherently multi-scaled method for identifying the
characteristic scales of landscape structure (Wu, 2004). Wavelet transforms provide the ability to
examine variability across scales and to determine which scale contributes most to the variability
of a signal (Brunsell & Gillies, 2003). The dominant length scale is the scale at which wavelet
variance is greatest and provides information about the scales at which features make significant
contributions to the signal (Kumar & Foufoula-Georgiou, 1997). We conducted a multi-resolution
wavelet analysis to determine the dominant length scales of LST in the study area. The dominant
length scales of LST provide information about the scale at which biophysical interactions on the
Earth’s surface produce temperature.
Wavelet analysis does not work well with NA values, so any pixels with a value of NA were
set to the mean LST of the study area on that date. Then we conducted a multi-resolution wavelet
analysis using the waveslim package in R by performing a nine-level additive decomposition using
the pyramid algorithm, where the pixel values of the image at a given scale are the sum of the
horizontal, vertical, and diagonal directions and represent the contribution of that scale to the
variance of LST on that date (Fig. 1.2) (Whitcher, 2014). We took the scale with the maximum
contribution to the variance for each pixel as the dominant length scale for the pixel. If there was
more than one maximum value, we chose the lesser of the scales.
1.3.2 Calculation of Landscape Metrics
The dominant length scale of each pixel represents the spatial scale at which the LST at that pixel
was produced. This is the extent within which we calculated landscape metrics to investigate the
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(a) Level 2 (b) Level 3 (c) Level 4 (d) Level 5
(e) Level 6 (f) Level 7 (g) Level 8 (h) Level 9
Figure 1.2: Wavelet coefficients for the nine level multi-resolution decomposition from July 2,
2011. Level one is not included.
relationship between LST and landscape configuration at the operational scale of vegetation-LST
interaction. The calculation of landscape metrics was temporally and computationally expensive
so we conducted the analysis for a sample of pixels at each dominant length scale, for each date.
We originally calculated the dominant length scale for ten levels. However, the time required for
calculating the landscape metrics increased exponentially as the extent resolution increased. The
dominant length scale of ten corresponds to a resolution of 30,720 m and the sample of 100 for
each of six dates would have taken over six months to complete. Consequently we recalculated the
dominant length scales for nine levels and selected all of the sample pixels whose dominant length
scale was the same for both nine and ten levels. Although this resulted in an unequal number of
samples per scale and date (Table 1.1), the subsequent analysis removed the effects of scale and
date from the models. Each sampled pixel was transformed to its centroid and the LST extracted
to it; a square buffer whose extent corresponds to the resolution of the dominant length scale was
then centered on the point. Landscape metrics (Table 1.2) were calculated within this extent on
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2 3 4 5 6 7 8 9
June 7, 2011 33 157 103 46 173 151 57 11
July 2, 2011 43 145 89 41 192 172 81 41
July 18, 2011 42 129 87 28 140 152 57 20
July 25, 2011 43 147 85 31 130 150 61 34
August 19, 2011 52 149 80 30 144 129 39 30
June 28, 2013 48 143 45 39 39 34 148 28
Total 261 870 489 215 818 788 443 164
Table 1.1: Sample size for each date and dominant length scale.
Pattern Measure Landscape Metric
Composition Proportion of Landscape
Patch Size Patch Size Distribution




Shape Shape Index Distribution
Connectivity Patch Cohesion Index
Proximity Proportion of Like Adjacencies
Table 1.2: Calculated landscape metrics
the binary land cover raster for the vegetated surfaces, using the spatialEco package in R. These
metrics are considered class-level metrics because they describe the pattern of a landcover class
within each extent rather than describing each individual patch within an extent (McGarigal, 2014).
Landscape metrics were chosen to reduce redundancy while providing a full description of
landscape configuration, with an emphasis on metrics that have practical urban planning applica-
tions. Following the work of Zhou et al. (2011) and Leitao & Ahern (2002), the metrics in Table
1.2 were selected. All of these metrics are simple to implement in an urban design context and
are easy to comprehend. Composition measures the amount of greenspace in an area; patch size
measures how large each patch of greenspace is; fragmentation and connectivity measure how con-
nected these patches of greenspace are; shape is a measure of the complexity of the shapes of the
greenspace patches; and proximity measures how close the patches are to each other.
Composition refers to the amount of a vegetated surfaces within an area and is measured by the
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where ni is the number of vegetated patches, ai j is the area (m2) of patch i j, and A is the total area
(m2) of the extent (McGarigal, 2014). This was used to control for the effects of the percent of
vegetated cover which strongly influences LST (Weng et al., 2004; Yuan & Bauer, 2007; Li et al.,
2011; Hu & Brunsell, 2015). Configuration refers to the pattern of a land cover type within an
area and was measured with a combination of patch size, fragmentation, shape, and connectivity
metrics. Patch size was measured by:
AREA = ai j (1.7)
where ai j is the area (m2) of patch i j. The statistical distribution of vegetated patch sizes, including
the mean, minimum, maximum, and standard deviation, were calculated for each dominant length
scale extent. The degree of fragmentation was measured with three metrics: the largest patch
index, the patch density, and the edge density. The largest patch index is the percentage of each





where maxnj=1(ai j) is the maximum patch size within the extent and A is the total area (m
2) of the
extent. LPI will be one if the extent is comprised of only a single vegetated patch and near zero if
there are very few vegetated patches. The patch density is the number of vegetated patches divided





and will reach increase with the number of vegetated patches. A high PD is an indicator of disag-








where eik is the total perimeter length of the vegetated patches. The edge density is the total







where eik is the total perimeter length of the vegetated patches. The shape of the vegetated patches
is quantified by the statistical distribution of the shape index which provides a standardized mea-






where Pi j is the perimeter of patch i j and minPi j is the minimum vegetated patch perimeter within
the extent of the dominant length scale. SHAPE is a measure of disaggregation. Connectivity was
measured with the patch cohesion index which is a measure of the physical connectedness of the
















where Pi j is the perimeter of patch i j, ai j is the patch area (m2) , and A is the total area (m2) of
the extent. The patch cohesion index increases as patches become more aggregated. Finally, the
proximity of vegetated patches to each other was measured by the proportion of like adjacencies,









where gii is the number of like adjacencies between vegetated pixels and gik is the total number of
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adjacencies for vegetated pixels (McGarigal, 2014; Evans, 2017). Both minimum patch size and
minimum shape index were removed from the analysis because of the large number of redundant
values.
1.4 Results
1.4.1 Variation across scale and percent vegetated class
We completed the multi-resolution wavelet analysis and subsequent metric calculations for a sam-
ple of each dominant length scale for each of the six dates (Fig. 1.3). The dominant length scales
gave us the extent within which the metrics were calculated and represent the characteristic scales
of vegetation-LST interactions. The dominant lengths scales followed approximately the same
distribution for each date although July 2 and July 25 both peaked in the high scales rather than
the middle scales (Fig. 1.4). These dates also had the highest temperatures. Although the LSTs for
each date followed approximately the same distribution, August 19, 2011 had lower temperatures
(Fig. 1.5). LST anomalies were calculated by subtracting the median temperature by date from
each LST observation to facilitate comparison across the six dates. From now on when referring
to LST we are referring to the LST anomaly unless otherwise noted. For June 6, June 28, July 18,
and July 19, the mid-dominant length scales correspond to the highest temperatures. July 2 and
July 25 have the highest temperatures at the high scales.
1.4.1.1 LST Variation
LST varied with both scale and percent vegetated. LSTs were lowest for scales two and three and
then approximately the same for scales 4 through 8, with most dates showing a slight increase for
scale nine (Fig. 1.6a). LST also varies fairly predictably with percent vegetated, with areas with
a higher percent of greenspace cover showing lower temperatures at any given scale (Fig. 1.6b).
It is worth noting that as scale increases, both the lowest and highest vegetated classes drop out.






































































































































































































































































































(f) LC8 June 28, 2013
Figure 1.3: LST and dominant length scales for the Landsat scenes. LST in degrees C are on the
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(b) By percent vegetated class
Figure 1.6: LST anomalies
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LST Scale Pct. Veg.
Patch Density -0.37 -0.34
Total Edge 0.98 0.19
Edge Density -0.24 0.18
Largest Patch Index -0.68 0.41
Mean Patch Area 0.35 0.70
Std. Dev. of Patch Area 0.66 0.61
Max. Patch Area 0.91 0.44
Mean Shape Index 0.24 0.23
Std. Dev. of Shape Index 0.57 0.22
Max. Shape Index 0.91 0.17
Proportion of Like Adjacencies 0.38 0.70
Patch Cohesion Index 0.76 0.50
Table 1.3: Correlations between metrics and dominant length scale and percent vegetated. All
values are significant at the 0.001 level.
likely it is that the area will be a majority greenspace. This is also a consequence of the wavelet
analysis; eventually the coarsest scale of decomposition will approach a constant value which is
the mean LST. This indicates that the areas with the highest and lowest percent vegetated do not
make significant contributions to mean LST.
1.4.1.2 Metric Variation
The landscape metrics also varied with both scale and percent vegetated. All of the metrics showed
consistent scaling relations with increasing extent although some were more robust than others
(Fig. 1.7). With log-transformation, total edge, largest patch index, maximum patch area, and
maximum shape index all showed linear relationships with scale while the remaining metrics all
showed either logarithmic or inverse logarithmic relationships. All the metrics were significantly
correlated with scale (Table 1.3). This is part and parcel of the modifiable areal unit problem that
plagues most geographic analysis as each scale is a dyadic increase in area of the extent.
Comparison of landscape pattern must be based on the same extent (Wu, 2004); to allow com-
parison of metric values across dominant length scale extents, linear regressions were fit between
each metric and the resolution at each scale (Table 1.4) and the best fit models were chosen by
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(l) Patch Cohesion Index




1 Patch Density y ˜ log(x) 0.18
2 Total Edge log(y) ˜ log(x) 0.97
3 Edge Density y ˜ log(x) 0.09
4 Largest Patch Index y ˜ log(x) 0.29
5 Mean Patch Area log(y) ˜ log(x) 0.09
6 Std. Dev. of Patch Area log(y) ˜ log(x) 0.44
8 Max. Patch Area log(y) ˜ log(x) 0.82
9 Mean Shape Index log(y) ˜ log(x) 0.06
10 Std. Dev. of Shape Index y ˜ log(x) 0.36
12 Max. Shape Index log(y) ˜ log(x) 0.83
13 Proportion of Like Adjacencies y ˜ log(x) 0.12
14 Patch Cohesion Index log(y) ˜ log(x) 0.54
Table 1.4: Best fit models for metric by dominant length scale
models to use in the subsequent analysis. This allowed comparison of metric values across scales
by removing the scaling effects on the metric values of increasing the calculation extent. From now
on when referring to metric values we are referring to the metric values detrended for extent unless
otherwise specified. By using the residuals from the regression models, we remove the effects of
the variable resolution of the extents while still preserving the relationship between LST and the
metric value because the metrics were calculated within areas determined by the dominant length
scale of vegetation-LST interaction.
All landscape metrics were significantly correlated with the percent vegetation (Table 1.3). Fol-
lowing the work of Hu & Brunsell (2015), the observations were classified into ten equal-interval
classes representing the percent vegetated surface within each extent to isolate the effects of land-
scape composition on the UHI. We then plotted the landscape metrics against LST by percent
vegetated class to examine the effects of greenspace configuration on the UHI while controlling
for vegetation composition.
1.4.2 Landscape metrics and LST
The calculated landscape metrics represent landscape pattern within an extent defined by the char-
acteristic scale of LST-vegetation interactions. This analysis seeks to identify how LST varies in
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Metric (Scale Resid.) Metric
Patch Density 0.06*** 0.03
Total Edge -0.16*** 0.02
Edge Density -0.2*** -0.2***
Largest Patch Index -0.34*** -0.31***
Mean Patch Area -0.34*** -0.13***
Std. Dev. of Patch Area -0.31*** -0.14***
Max. Patch Area -0.34*** -0.08***
Mean Shape Index -0.09*** -0.09***
Std. Dev. of Shape Index -0.21*** -0.14***
Max. Shape Index -0.04* 0
Proportion of Like Adjacencies -0.29*** -0.25***
Patch Cohesion Index -0.19*** -0.08***
Percent Vegetated -0.19*** -0.08***
Table 1.5: Pearson correlation coefficients for metrics and LST, including percent vegetated. The
values on the left are modeled on the metric value after scale effects were removed. The values on
the right are modeled on the uncorrected metric values. p < .001 ***, p < .01 **, p < .05 *
relationship to pattern. To do so we assessed the way LST is higher or lower than the median for
that day and how that varies with landscape pattern. We developed a Pearson correlation matrix
to assess the strength of the relationships between LST and the independent variables of compo-
sition and configuration of greenspace. We then used linear regression models to further examine
the relationships between metrics and LST. A model was fit between each metric and LST for all
vegetated classes and also within each vegetated class.
The Pearson correlation coefficients show that all metrics are significantly correlated with LST
(Table 1.5). They also show that removing the scale effects from the metric values improved all
models except edge density and mean shape index which remained the same. All relationships
are negative (as the metric value increases, LST decreases relative to the median) except for patch
density. It is interesting to note that percent vegetated has a weaker correlation with LST than
several other metrics. However, all the metrics except for total edge and edge density are also
significantly correlated with percent vegetated (Table 1.3).
In order to more fully understand the relationship between greenspace configuration and LST
while controlling for the percent of vegetation, we constructed a Pearson correlation matrix for
LST and each metric by percent vegetated class. The correlation between mean patch area, maxi-
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mum patch area, the standard deviation of patch area, and the largest patch index and LST increase
as percent vegetated class increases, indicating that their affect on LST is primarily due to com-
position. The correlations between mean shape index, maximum shape index, and the standard
deviation of shape index and LST are not consistently significant across the percent vegetated
classes, indicating that there is not a strong relationship. Proportion of like adjacencies and patch
cohesion index have positive and significant correlations with LST for 30 - 70% vegetated areas
(although proportion of like adjacencies is not significantly correlated with LST for 30 - 40% veg-
etated areas), indicating that in moderately vegetated areas dispersed rather than clustered green
space more effectively lowers LST. Patch density has significant and negative correlations with
LST for areas with 20 - 80% vegetated area, indicating that given a certain amount of greenspace,
more small patches more effectively mitigates UHIs than fewer large patches. Edge density and
total edge also have highly significant and negative correlations with LST for areas with more than
40% vegetated area, indicating that complex shapes more effectively lower LST (Fig. 1.8).
Linear models were developed for LST against each metric, and the R2 value, significance, and
slope calculated for the model applied at each percent vegetated class (Fig. 1.9). When considered
across all vegetated classes, all metrics have a significant relationship with LST, however, when
considered within each vegetated class many of these relationships break down. This highlights the
importance of controlling for the percent vegetated when examining landscape configuration. It is
important to note that many of the relationships between the landscape metrics and LST change
direction across vegetated classes. For instance, while the slope for the overall relationship between
patch density and LST is significant and positive, the relationship is significant and negative for
20 - 80% vegetated areas. Standard deviation of patch area, proportion of like adjacencies, patch
density, patch cohesion index, mean patch area, maximum patch area, and largest patch index all
exhibit this behavior. The relationships between standard deviation, mean, and maximum shape
index and LST change direction in unpredictable ways. The relationships between total edge and
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Significance ● 0.001 0.01 0.05
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Figure 1.9: Linear regression of LST by metric value across percent vegetated classes. The num-




In this study we used the dominant length scales of vegetation-LST interaction as extents to calcu-
late landscape metrics in order to examine the relationship between landscape pattern and the UHI
in the Kansas City metropolitan area. Due to the the complex nature of urban areas, the nature of
landscape metric calculations, and the variability of local climate it can be difficult to discern real
relationships from spurious effects (Kim & Baik, 2005; Weng et al., 2008; Grafius et al., 2018).
To ensure robust results, we analyzed LST from six dates, calculated landscape metrics within
biophysically determined extents, removed the trends from increasing calculation extent from the
landscape metric values, and controlled for the percent vegetated. Although the overall explana-
tory power of the individual metrics with regard to LST is relatively low after removing the effects
of the percent of vegetation (R2 < 0.10), there remain significant relationships between greenspace
pattern and LST.
Similar to Maimaitiyiming et al. (2014) and Zhou et al. (2011) we found that increasing edge
density can lower LSTs. This increase in edge density produces more complex shapes and may
enhance the interactions between vegetated and non-vegetated surfaces and facilitate energy ex-
change (Zhou et al., 2011). Also in agreement with Zhou et al. (2011) and Stone & Rodgers
(2001), our results show that dispersed rather than clustered greenspace more effectively mitigates
UHIs. Increased patch density lowers LST while increased patch cohesion index (a measure of
aggregation) increases LST.
Our findings that the overall negative relationship between patch size and LST is an artifact of
the correlation between patch size and percent vegetation are supported by Zhou et al. (2011). In
fact, our results show that while the overall relationship between mean patch size and LST is neg-
ative, for 40 - 80% vegetated areas the relationship is positive, meaning that an increase in mean
patch size actually increases LST. As the mean patch size increases in areas in the mid-vegetated
classes, aggregation of greenspace would likely increase; our results show that aggregation in-
creases LST. These results contradict findings by Li et al. (2012) who found a significant negative
relationship between mean patch size and LST. However, their study used census tracts as the ana-
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lytical unit because they are the level of local urban planning in the study area. It is our contention
that pattern analysis should take place at the characteristic scale of vegetation-LST interaction and
that comparing pattern in variably sized extents that are not biophysically relevant fails to capture
the complexity of urban energy interactions (Wu, 2007; Weng et al., 2008).
Results from this study can be used to guide urban planners in designing and manipulating
the urban environment. Planting street trees, increasing urban vegetation, and greenspace man-
agement can be optimized to provide maximum UHI mitigation and land-use zoning is a powerful
tool for urban planners to impact the thermal conditions of urban landscapes (Weng et al., 2007).
Especially in periurban areas, development can be regulated to minimize the negative effects of
replacing vegetated with impervious surfaces. While we found that increasing edge density and
patch density may effectively lower LSTs in the Kansas City metropolitan area, it is important to
note that a much greater percent of LST variability is explained by the percent vegetated. Given a
set amount of greenspace, the configuration can be optimized for UHI mitigation, but more impor-
tantly, increasing the amount of vegetation will always have a positive effect on LST (Buyantuyev
& Wu, 2007; Li et al., 2011; Maimaitiyiming et al., 2014).
This study only analyzed the UHI of one region. While the results of this study may be broadly
applicable in other urbanized areas it is possible that the unique characteristics of the Kansas City
metropolitan area may affect the relationship between LST and greenspace pattern in a singular
way. Further research should extend these methods to other urban areas with different morpholo-
gies in different climate zones.
1.6 Conclusion
By using the dominant length scales of LST we not only demonstrate that aggregation and shape
complexity are important configuration factors to consider in designing urban greenspace, we also
provide a methodology for robust biophysically-based analysis of urban landscape pattern. As
global urban population increases, understanding urban energy dynamics will be increasingly im-
portant for ensuring the health and well being of societies. Urban greenspace provides multiple
26
ecosystem services including stormwater runoff control, habitat provision, psychological benefits,
and LST reduction. By designing urban areas to include more and complex patches of greenspace,
urban planners can effectively mitigate UHIs.
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